O

ERIC

Aruitoxt provided by Eic:

DOCUMENT RESUME

ED 454 239 TM 032 837

AUTHOR Schulz, E. Matthew; Sun, Anji

TITLE Identifying Undifferentiating Response Sets and Assessing
Their Effects on the Measurement of Items.

PUB DATE 2001-04-00

NOTE 43p.; Paper presented at the Annual Meeting of the American
Educational Research Association (Seattle, WA, April 10-14,
2001) .

PUB TYPE Reports - Research (143) -- Speeches/Meeting Papers (150)

EDRS PRICE MFO01/PC02 Plus Postage.

DESCRIPTORS *College Students; High Schools; *Likert Scales;
*Measurement Techniques; *Rating Scales; *Reliability;
*Responses

ABSTRACT

Undifferentiating response sets, defined as "overuse" of any
category of a Likert scale, were identified using a combination of simple
criteria, such as whether a single-category response set involved more than
four items, and statistical criteria based on D. Andrich's (1978) measurement
model for Likert scales (the Rating Scale model). Data were from one section
of the American College Testing Program's "Counseling for High Skills" survey
for 10 colleges. Total counts across colleges for the 4 response sets were,
respectively: 5,254; 4,757; 4,411; and 4,212. Undifferentiating response sets
were strongly associated with statistically significant person misfit in
Rating Scale model analyses. When persons with undifferentiating response
sets were removed from the sample, the reliability of the item measures
improved, and the rank order of the items became more internally consistent.
It is concluded that applications of measurement theory can be useful in
evaluating the quality of survey data. (Contains 4 figures, 9 tables, and 11
references.) (SLD)

Reproductions supplied by EDRS are the best that can be made
from the original document.




ERIC

Aruitoxt provided by Eic:

TM032837

ED 454 239

Undifferentiating Response Sets Page 1 of 30

U.S. DEPARTMENT OF EDUCATION !

Ofiice of Educational Research and improvement
EDUCATIONAL RESOURCES INFORMATION
CENTER (ERIC)

This document has been reproduced as

received from the person or organization
originating it.

>
O Minor changes have been made to E/ 'm'
improve reproduction quality. .

® Points of view or opinions stated in this . ' TO THE EDUCATIONAL RESOURCES
document do not necessarily represent INFORMATION CENTER (ERIC)
official OER! position or policy.

PERMISSION TO REPRODUCE AND
DISSEMINATE THIS MATERIAL HAS
BEEN GRANTED BY

Identifying Undifferentiating Response Sets

and Assessing their Effects on the Measurement of Items

E. Matthew Schulz and Anji Sun

ACT, Inc.

‘Paper presented at the annual meeting of
The American Educational Research Association
April, 2001

Seattle, Washington

e
BEST COPY AVAILABLE



Undifferentiating Response Sets Page 2 of 30

Abstract

Undifferentiating fesponse sets, defiﬁed as "overuse" of any catégory of a Likert -
scale, wefé identified using a cpmbination of simple criteria, such as whether a single-
category response set involved more than four items, and statistical criteria based on
Andrich's (1978) measurement model for Likert scales (thé Rating Scale model).
Undifferentiating response sets were st.rongly associated with statistically significant
person misfit in Rating Scale model analyses. When persons iwith undifferentiating
response sets were removed from the sample, the reliébility bf the item measures
improved and the rank order of the items became more internally consistent. We
conclude that applications of measuremenf theory can be useful in evaluating the quality

of survey data. .
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In previous work (Sun and Schulz, 1999; Schulz and Sun, 2001) a latent variable
model called the Rating Scale model (Andrich, 1978) Was used with incomplete Likert
data in order to control for the effects of a personal factor called “pleasability” on item
ratings. Survey respondents’ indicated their satisfaction with college services on a five-
point Likert scalé ranging from "very dissatisfie;i" to "very satisfied". Pleasability wa‘s
defined as the téndency of a rater to use higher or lower ratings consistently across items.
Because respondents wer;directed td rate only the services with whicﬁ they had relevant
experience, there were large amounts of missing data. Items were consequently exbosed
to different levels of pleasability. That is, groups respon;iing to different items differed in
average pleasability. In contrast to available case means analyses, Rating Scale model
analyses controlled for the differential exposure of éurvey items to pleasability and -

yielded unbiased estimates of item performance.

- A common form of the rating scale model is:

1 L B, -6 | | (1)
n =p,—0;~— T, . R
Pnij—l ! ’ )
where
In means to take the natural log,

P,;  is the probability that person n chooses category j on item i,
Pujy s the probability that person n chooses category j-1 on item i,
Bn is the ‘pleasability’ of person n,

S is the difficulty item i presents to feelings of satisfaction
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T is the relative difficulty of responding in category j or higher versus
responding in category j-1; j=1,...,m-1; m is the number of response

categories; the lowest category is coded 0.

Satisfaction is represented in this model by the difference between a person

parameter (/%) and an item parameter (&), i.e., by (B; - &). Ratings of satisfaction are
stochastically (probabilistically) related to this difference. The step parameters specify
more fully the stochastic relationship between satisfactiqn and ratings of satisfaetion.
Due to the formulation of the model, more pleasable persons have higher values of 3, and
better performing items have lower values of 6.

in the present study, we explore the distinction between pleasability and an
undifferentiating response set. We define an undifferentiating response set as "overuse of
a single rating scale category." Response sets thglt consist of one category of the rating
scale, such as all “1”’s or all “5”s or all of any one category, such “3”s appear on their
face to be undifferentiating. For example, ratings of all 5°s contain no information about
which item performed better than another. - In contrast, 'pleasalﬁlity jnvol\}es a tendency to
give higher or Jower ratings, but not a tendency to restrict one's ratings to a sing]e
category. |

Despite this distinction, there was no attempt in the previous work to statistically
distinguish pleasability from an undiffefentiating response set. For the purpose of
measuring aﬁd comparing survey items, the distinction seemed of secondary importance.
Both response tendencies confound or bias comparisons among items if they are |

distributed unevenly among the items.
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Our interest in making a more formal study of the distinction betwéen pleasability
and undifferentiating response sets arose from the fact that a partial distinction along
these lines was made automatically in the Rating Scale model analyses used in previous
studies (Sun & Schulz, 1999; Sﬁn & Schulz, 2000; Schulz & Sun, 2001). Respondents
who assign all 1's or all 5's (i.e., either of the two extreme ends of the Likert scalé) to the
items fhey rate have inestimable ﬁarameters in the joint maximum likelihood estimation
procedure used in standard software (e.g., Bigsteps, Facets, Mscale--all programs
obtained through the University of Chicago) for Rating Scale ‘analyses. These
respondents, referred to as "extreme raters," comprised 2% of the respondents in one se-t
of data involving a five-point Likert scale and 23 items (Sun & Schulz, 1999, 2001) and
10% in another set of data involving a four-point Likert.scale and 10 items (Sun &
Schulz, 2000).

Preliminary analyses with the latter set of data (Sun & Schulz, 2000) indicated
that a substantial part of the effect of controlling for "pleasability," was in fact due to the
elilmination of extreme (and undifferentiating) raters in the Rating Scale analysis. When
extreme raters were also excluded from the available case mc;,ans analysis, the rapk order
of items by their a.vaillable case mean rating was more consistent with their rank order by
Rating Scale model analysis. The number of disagreements between the two methods
about the relative performance of paired items fell from 36 to 28. Also, in cases of
disagreement, the proportion of times the Rating Scale model correctly pre&icted which

| of the two itéms received the higher rating dropped from .531 when extreme raterslwere

used to compute available case means, to .512 when they were not used.
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These results suggested to us that available case means could yield an acceptable
rank ordering of items with incomplete Likert data if undifferentiating raters were simply
eliminated from the analysis. While we believe that a Rating Scale analysis is desirable
on other grounds (Schulz & Sun, 2001), it might not be needed strictly for rank ordering
items. A more thorough search for, and elimination of, undifferentiating raters éould
‘make it unnecessary té control for differential exposuré of items to any remaining
response tendencies, such as pleasébility, left in the data. It is possible, for example, that
items are differentially exposed to undifferentiating response sefs, but not to response sets
that feﬂect raters' levels of pleasability. Simple algorithms can be programmed to .
identify and elir‘niﬁate any rater who uses just one category of the rating scale, including a
middle of non-éxtreme category.

On the other hand, a Rating Scale model analysis could be a useful tool for
‘identifying undifferentiating raters. Rating scale model's fit statistics include for each
person and item a weighted mean square residual, wmsr, and a transformations of wmsr
into an approximate t-statistic called infit (Wright & Masters, 1982; Smith, Schumaker &
Bush, 1998). When data fit the model, wmsr has an expected value of 1; infit has an
exbected mean of 0 and variance 1. When a responsé pattern conforms to the model "too
well" wmsr is less than 1, and infit is less than Q. These are refer;ed to as cases of
"overfit." Misfit also includes "underfit," which corresponds to wmsr greater than 1 and
infit greater than 0. Undifferentiating response sets generally conform to the model too
well in the sense that, because they display less random variability, or are less stochastic,
than specified in the model, observed ratings tend to be too close on average to predicted

ratings. A combination of practical and statistical criteria, such as wmsr < .6 and infit < -
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2.0, are typically used to identify overfit to the Rating Scale model (Smith, et al., 1998;
Schulz, 1990; Green, 1996b).

An advantage of using fit statistics to identify undifferentiatin g response sets is
that a fit statistic systematically accounts for many factors simultaneously. The numeric
value of a person fit statis;ic depends on the number of ratings in the pattern, the
parameter estimates of the items rated, the parameter estimaté (pleasabilit.y) of the rater,
and the specific ratings given to the items. It would be difficult to account for these
factors systematically and simultaneously with simple al gorithms. Not all raters who use
one category exclusively, or even almost exclusively, are necessarily undifferentiating
raters. In particular, as the number of items rated by a respondent decreases, it is difficult
to judge whether the use of just one category of the Likert scale reﬁects fail‘ure to
differentiate the items, or just chance consistency in the experience of satisfaction across
items. A standardized fit statistic (infif) combined with a practical criterion (wmsr) can
be helpful in classifying such a response set as undifferentiating or not.

Disadvanfag'es of fit statistics include their depe_ndencel /oh sample size and their
lack of specificity. Single-category response sets involving a large number of items .
might bé undifferentiating on their face, but might not yield statistically significant rnisfit.
Response patterns associated with statistically si gnificant misfit might nevertheless |
represent valid, differentidting infoﬁnation about the items. Not ali response patterns that
have a small (< .6) meaﬁ squared residual (wmsr) or negative infit (< -2), for example,
will hecessarily appear to be undifferentiating'dn their face (i.e., by inspection and

informal judgement.)
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The approach in this study is to assess the relationship between Rating Scale
model fit statistics and simple (algorithmic and judgmental) criteria for undifferentiating
response sets, and to use both to identify and eliminate undifferentiating raters. Simple
criteria will include the number of items rated and whether a single category is used
exclusively (SC for single category) or almost exclusively (ASC for almost single-
category. We define ASC response patterns as those in which all but one rating is the
same. Thesé would include, for example, a respondent who rated a total of 9 items and
who was "very satisfied" with all but on-e. We will not further differentiate ASC patterns
by'the_ specific rating given to the exception. The number of items rated is an important
simple criterion for ident_ifyin g undifferentiating response sets. An SC response set
requires at least two items and ASC at least three, by definition.

For the-purpose of implementin g simple criteria for undifferentiating response
sets as well as for assessing the association of Rating Scale model fit statistics with
simple criteria, it makes sense to classify SC and ASC response sets by the number of
items rated. If SC response patterns involving as few as 2 items, and ASC reponse
patterns involving as few as 4 items were congideréd as possibly being undiffcrentiatin g
response sets, and there»wére L total items in fhe sufvey, there could be up to L-1 SC
groups and L-3 ASC groﬁps for each category of the fating scale. Each SC group would
contain persons who rated thé same number of items and used the same Likert scale
category exclusively. Each ASC group contains persons who rated the same number of
items and used the same Likert scale category for all but oﬁe c;f the items.

We expect the fit statistics for persons classified into these groups to become

more extreme as the number of items rated increases. We expect that only a minority of
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SC and ASC patterns involving the fewest number of items will be flagged as misfitting

the Rating Scale model (wmsr < .6 and infit < ;2). We also expect that a majority of
persons within SC groups involving large numbers of itefns, e.g,L,L-1,orL-2 .items,
will misfit the Rating Scale Model‘. A limitation of thié investigation is that fit statistics
are not avéilable for extreme raters (raters not measured in an RSM analysis). This
meéns that we can study the relationship betweep fit statistics aﬁd SC patterns involving
only n{on-extremé categories. However, we can study the relationship between fit
statistics and ASC patterns involving any category of the Likert scale.

In order to assess the effects of eliminatin g undifferenti'ating raters, four sets of
data will be created. The first set (Set 1) will consist of all available data. Subsequent
sets will be ‘correspond to increasingly more inclusive criteria for classifying respbnse
patterné .as undiffe.rentiating. Eliminating extreme raters from Set 1 will create set 2. Set
3‘ will be created by eliminating from Set 2 SC groups in which 1) 4 or more items are
rated and 2) all persons within the group misfit. Set 4 will be created by eliminating from
Set 3, only the misfitting persons within SC groups rating 4 or more items and ASC |
groups rating 5 or more items. Set 4 will contain fewer SC patterns than Set 3 only if
there aré SC groups in which not all persons misfit.

Undifferentiafing response patterns should either have no effect on, or should

decrease the reliability of item measurement. Reliability is the empirical or theoretical

 correlation between two independent measures of the same items. The methods by which

reliability will be estimated are presented in the methods section. The usual effect of
eliminating raters would be to decrease reliability since reliability decreases with sample

size. However, if the raters were not helping to differentiate items, or were contributing

7

10



Undifferentiating Response Sets Page 10 of 30

bias or noise to item measurement, reliability might increase. Two measurement methods
will be used: available case means (ACM) and Rating Scale m_qdel (RSM). Within each
method, we expect the -reliability coefficient to remain the same. or to increase across the
successive sets defined above (Sets 1 through 4). Reliability estimates will not Be
compared across methods because the procedures for estimating reliability differ, and
involve different assumptions, across methods.

Undifferentiating fesponse sets should have only slight effects on the reliability of
person measurement. Green (1_996b) reported that the reliability of person measgrément
‘increased sli ghtly when rhisfitting persons were dropped. However, upderfitting as well
as overfitting pérsons were dropped in that study. In fhe present study, we drop only
overfitting persons who displéy undifferentiating response sets. Overuse of ﬁore
éxtreme categories leads to more extreme levels of the meaéured trait (pleasability),
greater variance of the distribution of f)erson measures, and henge inflated reliability. By
the éame line of reasoning, overuse of a middle categbfy would suppress reliability. The
net effect on reliability will depend on whether undifferentiating response sets inVolve-
use of moré extreme or middlé ca‘ltegories.

Internal order consistency (IO&I) rates will also be computed for each method
(ACM and RSM) and set of data. IOC.rates cannot be estimated for the RSM-by-Set 1
combination, however, because extreme raters are automatically excluded from RSM
measurement. IOC is the degree to which items with higher marginal rank order are

more likely to receive the higher rating with multiple items are rated by the same rater.

Various procedures have been used to estimate the IOC of a given rank ordering



Undifferentiating Response Sets Page 11 of 30

(Johnson, 1997; Schulz and Sun, 2001). Methods described in the methods section, and

used by Schulz and Sun (2001), will be used in the present study.

Within each method, (ACM and RSM) we expect IOC rates to increase as the
criteria for undifferentiating rz;ters becomes more comprehensive. This expectation
follows from the notion that undifferentiating'raters do not con4tribute reliable and _
consistent information about differences between items. We expect IOC rates té increase
most from Set 1 to Set 2 (a finding that can only be seen with ACM rank orderings.)

In order to assess the effect of controlling for response sefs that remain in data

after eliminating undifferentiating raters, internal order consistency (IOC) rates will be

- compared across measurement methods (ACM versus RSM). A rating scale analysis, but

not available case means, controls for differential exposure of items to response sets of
the type defined as pleasébility (Schulz & Sun, 2001), but which may also be

undifferentiating to some degree. If items are differentially exposed to remaining

' respbnse sets, IOC rates should be higher for RSM than for ACM (Schulz and Sun,

2001).

The IOC rates of RSM and ACM will be compared through the RSM conditional
internal order consistency (RSM CIOC). CIOC is computed conditionally on
disagreement between two alternative rank ofderiﬁgs ébout the relative performance of
items. The disagreement is detected in pairwise fashion, by considering the relative
performance of two items in each rankin g. For N items, there are N-choose-two possible
cases of disagreement (if the number of items is even). Ih any case of disagreement, one
findsl all the raters who rated both items, and gave each a different rating. A. given

ranking's CIOC is the proportion of times it correctly predicted which item received the

12
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higher rat_ing. This rate may be computed by item pair, by iteﬁl, or as an overall (all
cases) value. The rankiﬁg with CIOC > .5 is the better ranking.
| Mefhods
Data
The data was taken from one section of the ACT Coun&eling for High Skills

(CHS) survey. The CHS survey is administered to students enrolled iﬁ post-secondary
career/technical programs at colleges in the Unifed States. The section used for this study
contains ten items, sk;own in Table 1. They represent college services or facilities and
‘includ.e, for éxample, “acaderrﬁc counseling”, ‘;pe'rsonal counseling”, “job placement”,
and “designated study areas”. Ratin gs are on a four-point Likert scale ranging from

- “poor” (=i) to very good (=4). A fifth céiégory, “unable to evaluate”, ;Nas provided and
- was treated as missing data.
Data frqm ten cdlleges were used for this study. The célleges were selected on

~ the basis of sample size (the largest available). There was no requirément for selection
other than sample size. No attempt was made to control for characteristics of the colleges
such as public/private, four-year/tw<\)—year, affiliation, locatibn, enrollment, etc. | Sample:
sizés by college are shown in Table 2. Set 1 includes any person who rated-!at"l'e'ast one
item. Set 1 sample sizes ranged from .344 in School 7 to 961 (School 1).

There was a significant amount of rhissing data because respondents rated only
the items with which fhey had relevant experience. In Set 1,.the average number of items
rated per person, wi-thin.colleges, ranlged from 5.2 in College 7 to7.1in College 2. These
ﬁgﬁres mean that 29% to 48% of the ratings were missing, depending on the college.

Within school sample size per item ranged from 58 (Item 5) to 941 (Item 3). These items

13 .
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accounted for the lowest and highest percentage response rateé (14% and 98%
respectively). Across schools, the response rate was highest to Item 3 (Course
scheduling and registration) and lowest to Items 5 (Housing assistance) and 9 (Chﬁd
care). |

The sample was edited base_c)i on undifferenti.ating response sets as described
above. Table 2 shows sample sizes by college for Sets 1 through 4. Total counts across
colleges for the 4 sets were, respectively, 5254, 4757, 441 1, and 4212. Differences
between these numbers show the number of raters elirninated accérdin g to increasingly
inclusive criteria for undifferentiating response sets. For example, 497 raters (5254
. minus 4757) were extreme raters. More detailed information about these ana other
undifferentiating raters, including the association bet_weén simple criteri.a and fit to the
Rating Scale model, is presented in the results section.

Rating Scale Analyses

Rating scale analyses were performed using the Bigsteps computer program
(Wright and Linacre, 1991). Three analyses were performed separat-ely by school. Thése
analyses yielded three sets of i-tem parameter estimates based separately on i)ersoﬁs in
Sets 2'through 4. Fit statistics (wmsr and infit) of persons in Set 2 weré tabulated by
. group of SC and ASC raters. Type of pattern, Likert scale category, and numbe? of items
ratgd, as described abové defined the groups.

The reliability of item pararheter estimates in Rating Scale anaiyses was
computed as one minus the ratio of mean squared measurement error to the variance of

1

the item parameter estimates. The measurement error of each item parameter is estimated
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routinely in a Rating Scale analysis by the Fisher information function. Reliability of
person measurement was computed in the same fashion.

Available case means analysis

An item's available case mean is the simple arithmetic average rating assigned to

~ the item. The reliability of the available case mean was estimated by a split-half

technique. For each set of data (Sets 1 through 4) raters within a school were randomly
assigned to one of two split-half gfoups, and mean item ratings were computed for each
group. The split-half correlation betw_een the mean item ratings was corrected for
attenuatién using thé Speanﬁan-Brown formula.»

Internal Order Consistency (IOC) and Conditional IOC -

IOC and CIOC were estimated using tabulation methods (Schulz and Sun, 2001).
In each set of data within a school, we searched for pairs of ratings involving 1) the same

rater, 2) different items (two different items), 2) different ratings (the items did not

' receive the same ratin g). Let TOT1 represent the total number of such finds in a given set

of data‘.. For each find, a marginal ranking (ACM and/or RSM) was consulted to

determine whether the items were in the same order as their ratings. If yes, a 'hit,’ was

‘recorded. If the items had a tied rankin g, a 'tie' was recorded. Different rankings derived

from tﬁe same data could have differen:t totals for hits and ties, but TOT1 is the same.
The IOC rate for a given ranking is (hits + ties/é)/TOT].

Conditional internal ordef consistency (CIOC) is computed gsin g only cases of
disagfeement between two alternative rank orderings. We begin by searching for pairs of
items in which one item iln the pair is higher in one ranking but léwer in the othef. We

find all such pairs of items. For each pair, we search for raters who assigned different

15
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ratings to the items. Let TOT2 represent the total number of such raters sumrﬁed over the
’ ‘total nux_ﬁber Qf item pairs for which disagreement in rank was found. Hits are defined as
above, but only one of the rankings can scoré a hit because only cases of disagreement
are considered. The RSM CIOC is the total number of hits attributed to the RSM ranking
divided by TOT2. The ACM CIOC is oné minus the RSM CIOC. The méthod whose
. CIOC rate i1s above 0.5, is the better method. | |

Results

The frequency of undifferentiating résponse sets using simple criteria, and their
association with Rating Scale-model fit statistics, is shown in Tables'3 and 4. Table 3
includgs person; who assigned all 2s (average) or all 3s (good) to the items they rated.
These are non-extreme, SC response sets. Extreme SC responsé sets are not includéd

‘because no fit statistics were estimated for these. Table 4 includes persons With ASC
response set.s involving any of the four Likert scale categories. In both tables, the
response séts are grouped into rows by thé total number of items rated.

SC patterns are far more likely than ASC patterns to misfit the Rating Scale
model. The wmsr is extrefnely small (< .6) for all SC patterns: regardless of number of
items fated, but fo_r ASC patterns, wmsr 1s more variable and haé an average value not too
far from its expected value (1). The maximum wmsr fbr any SC pattern was .19 (for a

jperson‘who_ rated seQen items). Average wmsf for AS'C- patterns by number of items
ratéd ranged from 1.03 (for seven items rated) to .8 (for sii items rated).

Reﬂectiﬁ g the effect of sample size on the power of a normalized fit statistic, the
infit of SC and ASC response patterns fo the Rating Scale model generally becomes

worse as the total number of items rated increases. With an expected value of 0 under the
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hypothesis of model fit, mean infit by SC group decreased from -2.16 with just two items
rated to -3.70 with eight items rated, and remained near -3.7 for nine and ten items rated.
For ASC patterns, infit decreased from -.36 with four items rated to -1.07 with ten items.
rated.

All raters within SC groups of 5 or more items misfit the Rating Scale model
(Table 3). The maximum wms.r and inﬁt values within these groups are lesé than 0.6 and -
2.00 respectively. The ;otél number of persons within these groups, 346, accounts for the
difference between Set 2 and Set 3 sample sizes (Table 2). That i:s, these were the raters
that were dropped from Set 2 in order to f<')rm‘Set 3. The criteria for Set 4 was to delete
from Set 3, persons in ihe remaining groups (rows) of Tables 3 and 4 who misfit the
Rating Scale model. The difference betweén sample sizes of Set 3 and Set 4 is 199 (4411
minus 4212), which is about twénty percent of the raters in these groups. |

The raters in Tables 3 e;nd 4 plus extreme raters, represent a large proportion of

“all raters. There were 4947 extreme raters, 666 raters in Table 3, and 752 raters in Table 4.
The total, 19'15, is 36% of the grand total (5254 in Set 1). The extreme raters alone
comprise 9.5% of the total. A
| It might be of interest to note that the majority of undifferentiating raters used the

higher end of the Likert Scale. 444 of the 497 extreme raters used category 4 (very
good). 488 of the 666 SC response patterns in Table 3 used category 3 (gdod). 656 of
the 752 ASC respoﬁse sets in Table 4 used category 3 or 4 predominantly.

IOC rates by college, daté set, and method of ranking are shown in Table 5.
Overall IOC rates (averaged across colleges) by data set and method of ranking are

shown in the last row. For ranking items by available case means (ACM), IOC rates

17
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were highest for Set 2 (.62705) and lowest for Set 1 (.62499). For ranking items by
Rating Scale model analysis (RSM), c;verall I0C rates were hi ghest for Set 3 (.62937),
and lowest for Set 4 (.62782), but the Set 2 overall value was close to that for Set 2
(.62934). The lowest overall IOC rate for the Rating Scale model (.62782) ‘was hi gher'
than the highest overall IOC rate for the ACM (.62705). |

RSM conditional TOC rates in Table 5 show morla clearly that, for any set of data
where direct comparison was possible (Sets 2 through 4), the RSM ranking was more
iqternally. consistent than the ACM ranking. All RSM conditional IOC rates in the last
row (overall) are fabove 0.5. RSM displayed the largest advantage (RSM CIOC = .52644)
when the crite_rfa for eliminating undifferentiating raters was most éomprehensive (Set 4),
and the least advantage (.51713) when .th_e criteria was least comprehensive (Set 2, with
elimination of only exfreme réters.)_, ‘

With few exceptions, within-school, within-Set results are consistent with overall
results. Within séhools and sets, RSM CIOC values were greater than 0.5 in 21 of 30
comparisons and were less than 0.5 in only four.- 0.5 values mean that the ACM and |
* RSM rankings did not differ. For ACM, Set 2 IOC values were equal to or higher than
their Set 1 counté:parts'in n_iné out of ten schools; Set 4 IOC values wére lower fhan .
those for Set 2 and Set 3 in slix of ten schools. Fér RSM, Set 4 IOC Qalues were lower
than those for Set 2 and Set 3 in seven of ten schools.

Table 6 shows reliability estimates by measufément method (ACM and RSM),
data set, and school. Thé last row shows overall (aVeraged across colleges) reliébilities
by method and data set. In both methods, deletion of undifferentiating response sets had

only slight effects on reliability. Up to Set 3, reliability slightly improved. With' ACM,

18



Undifferentiating Response Sets Page 18 of 30

reliability increased fofm 935 (Set 1) to .943 (Sgt 3). With RSM, reliability increased
from .938 (Set 2) to (.948) Set 3. In both methods, reliability for Set 4 was iower than fér
Set 3 (.939 versus .943 for ACM; .945 versus .948 for RSM).

With few exceptions, within-school_results Were.consistent with these trends. For
ACM, Set 2 reliability wa45. equal to or higher than Set 1 reliability in eight of ten schools.
Fof RSM, Set 3 reliability exceeded Set -2 reliability in five of ten schools and was equal
to Set 2 reliability in the remainder.

Scﬁool 7 was a nbtéﬁlé éxception. Eliminating eitreme raters substantially
decreased ACM reliability (from .85 with Set 1 to..76 with Set 2). This fesult may be
partly due to the fact that sample sizes for measuring the iter;ls in School 7 were‘ small.
The number of raters in School 7 was the smaliest of any _schgol (344 Set 1). The
average number of items rélted per person in School 7 (5.2 in Set 1) was the lowest of any
school. Further reductions in sample size by elirhinatirig extreme raters may have had

. overwhélmin g effects on the reliability of item measurement and on the error with which
reliability is estimated. |

We also not‘e in this connection that the RSM CIOC value for Set 2 in School 7 is
one of the highest in Table 5(.56129). This value means that the items 1n School 7 were
still differentially exposed to pleasability (or to remaining undifferentiating respénse .sets)'
even after extreme raters were dropped. This result, and the decrease in ACM réliability
from Set 1 to Set 2, suggeétslthat differential exposure to eXtreme response patterns
contributed a bias to item measures that was consistent with the bias that differential
exposure to the remainiﬁg response sets were contributing to item measures. With ACM,

then, dropping extreme raters had the sole effect of reducing sample size.
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The reliability of person measurement decreased when undifferentiating response
sets were dropped. The last row of Table 7 shows that average (across colleges)
reliability coefficients of RSM measureé from Set 2, Set 3, and Set 4 data were,
respectivgly, .72, .69, and .68. Results within every school were consistent wifh fhese
trends, except that in some cases; there was no difference between Set 3 and Set 4
reliability coefficients.

Discussion

The results of this‘ study show that undifferentiating response sets can be
distinguished from pleasability through a combination 6f simple' algorithmic criteria and
Rating Scale model fit statistics. Pleasability is defined as the trait that is still measured
after deleting undifferentiating response sets. The reliability of person measurement was
12 on average with all data (Set 1), and .68, on average \;vhen undifferentiating response
sets were removed using the most co_rqprehensive criteria of simple algbn'thms and fit
statistics (Set 4). Thus, considéréb]e individual differences in the measured trait
remained after removin g undifferentiating response sets.

It is unclear, however, whether fit statistics are indispensable for identifying
response sets whose removal improves the fneasurement of items. In defining Set 3 data,
fit statistics were used to decide which SC groups should be dropped. All the persons
within the' dropped g_roups. were flagged for misfit. This résu]t certainly shows that fit
statistics are strongly associatéd with simple Vcn'teria for undifferentiatin g response sets.
However, the response sets of these groups might well have been 'judged by inspectioh to
be undifferentiating. The quality of item measurement with Set 4 data, which was

defined by more extensive and indispensable reliance on fit statistics, was generally not

20 .
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~ as good as that with Set 3 data. In terms of the reliability and internal order consistency
of item measures, Set 3 was better than Set 4 using both ACM and ﬁSM measurement.

- Our results suggest that SC response sets involving any categofy of a Likert Scale,
not just extreme categories, can be profitably dropped for the purpose of measuring
differences between items. This COI-ICIU'SiOHA is based on the criteria for defining Set 3 and
on the reliability and IOC of item méasufement associated with this set of data, in
comparison to other sets, usin g both ACM and RSM measurement. For Set 3, we
remov_ed SC sets inyd]ving as fe\%/‘ as fqur items. We _do not quw _wh;_the‘_r-fa‘ higher -
nurhber, such as five or six items, wou}d have been a better choi;e for our data or which
choice would be best for any other set of data. Our results for Set 4 show that one can go
too far--criteria can b¢come too —comprehensive.

Kéy aspects of our results might dei)énd on specific characteristics of our data.
Our Likert scale did not have a middle category, and there were only ten items. As a
percentage of the total number of raters (5254), there were many extreme raters (9.5%),
nonextreme SC raters (13%-)‘and ASC raters (14%) in our siudy. Moré items in the
survey might have decreased the numbér of SC and ASC pattems; A middle category
- mighthave décreased the number of SC response sets involving categories adjacent to the
.middle (cat.egori.es 2 and 3 in our study). Only 2% of raters were extreme in a study
involving more ifems (23 items) and a five-point Likert scale (Sun & Schulz, 1999).

Subsequent results might also depend on the number of items and Likert scaie.
While a ‘middle category might have decreased the overall number of SC response sets, it

might also have accounted for a very large, if not the largest, proportion of SC sets.

el



Undifferentiating Response Sets Page 21 of 30

Deleting SC patterns might then have had the overall effect of increasing the reliability of
person measurement.

Deletin g undifferentiating response sets had only slight effects on internal order
consistency. IOC was only slightly affected, primarily because thcre was little or no
change in the rank order of the items. With more items, there rni ght have been changes
in ranlc order.

IOC and CIOC rates are crude, but simple methods for assessing difference in
rank order.. IOC rates for rank orders derived from the same data are typically extremely
close becaiuse the rank orders may not differ, or may differ only for items whose "true"
performance levels or ranks, are very similar. CIOC rates will not deviate very far from
0.5. | |

Since.there are no known formal tests of statistical inference thait can be
p'erformed on IOC'and CIO0C i/alues, general conclusions must be based on informal
considerations such as the consistency of findings across schools. Results within schools

consistently favored Set 3 as the best set for measuring differences between items and the

-RSM as the better method of measurement. Effects on the réliability of item

measurement were also small, and tests of significance are problematic for comparing
indices derived from the same or overlapping sets of data. However, again, results were
consisient across schools in pointilig to Set 3 as the best set of data for measuring
differences between items.

Our results do not support strong criticisms of analyses that include
undifferentiating raters or even strong criticisms of analyses that analyze incomplete

Likert data using conventional approaches, such as available case means. However, they
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do support the con_clusidn that deletion of undifferentiating raters and use of the Rating
Scale model can imprdve the measurement of items wirh ihcomi)lete Likert data.

More generally, we believe this study provides support for Green's (1996a) theme
that applicati‘ons of measuremenr theory can be useful in the evaluation of survey data
qualify (Green, 1996a). The use of measurement theory can lead to useful insrghts or
conceptualizations, such as the distinction between pleasability and _satisfaction: and the
distinction between pleasability and undifferentiating response sets. These
conceptuahzatlons supported by research can lead to more general 1mprovements such :
‘as 1mprovements in the des1 gn of surveys and 1r1rerpretat10ns of results, if not to
substantial 1mpr0\—1ements in simple outcomes, such as the rank order of items. For
example, the results of this study may lead ro the addition of a nﬁddle category to the.

Likert scale in this study. This modification would be for the purpose of improving the

measurement of items, and would not necessarily improve the measurement of the raters.
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Table 1. -
Counseling for High Skills Survey Items Used in the Study

Item ~ Content
1 Counseling (academic)
2 Counseling (personal)
3 Course scheduling and registration
4 Financial aid (grants, loans, etc.)
5 Housing assistance '
6 Part-time job placemens while enrolled as a student
7 Job placement (career-related)
8 Academic support ( such as tutorihg, study skills)
9 Availability of childcare '
10 Designated study areas
Note.

-Ratings for these items are coded as 1=poor, 2=average,‘3=good, and 4=very good. The
response of "unable to evaluate" is coded as a missing value.

P

23




Undifferentiating Response Sets Page 25 0f 30

Table 2. Sample Sizes by College and Set

Set 1 T Set2 Set3 Setd
Respondents RSM-Measured No SC Patterns  No misfitting
_ who rated at (non-extreme) .  of more than 4 SCor ASC
College least one item ~_Raters ’ items. ___ patterns
1 %61 862 o2 s
2 484 459 427 | 408
3 414 379 350 337
4 374 3247 3037 - 200
5 837 o - 704 669
6 398 356 . 342 329
7 344 o311 4 281 269
8 556 - sz 417 456
9 402 - 354 336 | 319
10 484 429 399 319
Totals 5254 4157 4411 2
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Table 3. Fit Statistics for Non-extreme, Single-Category (SC) Groups

Weighted mean squared Standardized wmsr (infit)®
_ _ residual (wmsr)* -
Number
~of Items.  Group :
Rated Size! - Min. Avg. Max. Min. Avg. Max.
10 198 0.04 0.1 - 0.17 -4.99 -3.68 -2.97
9 16 0.04 - 0.08 0.16 464 36 -2.88
8 17 0.02 0.06 0.15 -5.05 -3.7 -2.62
7 20 001 005 019  -49 -3.65 254
-6 34 0.01 004 017 475 = 343 215
5 6l ... 0. 003 _ 018 . -435. 325 203
4 - 90 0 0.02 0.14 -4.07 -3.03 -1.81
3 111 0 0.02 02 -3.72 v -2.65 - -1.26
2 - 119 - 0 0.01 0.12 . -3.18 -2.16 -1.19.
Total = 666

Note. 'Include raters who used all 2s or 3s (non-extreme single-category
categories) '
’Expected wmsr =1 -
*Expected infit mean = 0, standard deviation = 1
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Table 4. Fit Statistics for Almost Single-Category (ASC) Groups |

Weighted mean squared residual Standardized wmsr
. : (wmsr)? . (infit)®
Number : _
of Items Group _
Rated Size' Min. Avg. Max. Min. Avg. Max.
10 72 0.06 0.86 _ 39 - -4.07 -1.07 4.1
9 32 0.06 0.93 3.51 -4.29 =07 3.34
8 45 0.14 0.93 3.55 -3.12 . -0.53 3.49°
7 64 0.06 1.03 3.8 -3.11 -0.19 3.72
6 144 - 0.06 0.8 3.96 -3.06 . 0.58 367
5 - 163 B 0.08 . 0.85 42 _ ’-2.61_ -036  3.53
4 232 007 081 554 241 -0.36 3.65
Total 752 '

Note. ‘'Include raters who used same category for all but one items rated
Expected wmsr = 1
*Expected infit mean = 0, standard deviation = 1
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" Table 6. Reliability of Item Measures

Available Case Means : Rating Scale Model
Schools  Set1 Set 2 Set3 ' Setd  Set2 . Set3  Setd
1 088~ 092 092 095 . 092 094 093
2 098 099 . 099 099 0.98 098 098
3 " 095 0.94 0.94 095 094 094 094
4 0.98 098 . 098 098 - 095 096 0.96
5 0.98 0.98 098 - 098 098 098 098
6 0.88 0.91 0.91 091 091 092 0.91
7 0.85 0.76 081 073 084 089 088
8 096 .. 098 .. 098 098 . 096 .. .097 - 097
9 0.92 0.94 094 094 0.93 093 - 093
10 097 . 0.99 098 098 0.97 097 097
Avg. 0935 0939 0943 0939 0938 0948 0045
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Table 7. Reliability of Person Measures

Rating Scale Model

Schools Set 2 Set 3 © Set4
1 068 064 063
2 079 0.78 o7
3 076 074 074
4 071 - 0.68 1067
5 0.77 0.74 074
6 064 . 062 060
7. 0.67 - 0.60 . 0.59
8 0.71 068 " 0.68
9 0.74 0.72 0.72
10 0.70 0.68 0.67
Avg.

072 069 0.68
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Single Category (SC) ReSpohse Sets by Category

| Category | | |

Number | All Total Raters by -

of Items | | — Number of Items
Rated 1 2 3 4 N %o Rated
10 13 63 135 127 338 37% 924
9 1 3 13 24 41 1% 386
8 0 2 15 20 37 9% 397
7 2 6 14 2 4 9% 501
6 0 8 26 4 75 11% - 683
5 4 9 52 42 107 16% . 681
4 4 23 67 40 134 22% 622
3 8 32 .79 42 161 RN% . 503
2 12 32 8 43 174 50% 345
1~ 9 68 92 43 212 100% @ 212
Total 53 246 580 444 1323 25% 5254
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Almost Single Category (ASC) Response Sets by Category

Category

Number o | All | Total Raters by
of Items - | Number of Items
Rated 1 2 3 4 ] N % Rated

10 4 19 29 20 72 8% 924

9 4 5 13 10 32 8% 38

8 6 7 17 15 45 11% 397

7 6 3 24 31 64 13% 501

6 3.2 6 57 14 21% 683.

5 12 33 75 43 163 24% 681

4 10 54 114 54 232. 3% 622

3 27 84 111 56 278 55% 503

2 - e e 345

1 - e e e - a2
Total 72 227 445 286 1030 20 5254
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